Abstract: This work explores the detection of moulds growing in different building materials by using a metal oxide sensor array. Four moulds species have been considered. Pattern classification provides detection rates on the order of 80-85% for different species. Drift degrades only slightly these values subsequent test 4 months later.
Introduction
One of the most frequent problems in buildings is the fungal development caused by excessive humidity. Fungal contamination can produce infections, allergies, toxic effects and other symptoms documented in many studies and characteristic for the "sick building syndrome" [1] [2] [3] [4] [5] [6] [7] [8] .
Traditionally, fungal contamination in a building has been described as quantity of viable spores determined from air, settled dust, surface and building material samples and results of measures are obtained after several days. New methods involves the detection of fungal components, mycotoxins and microbial volatile organic compounds (MVOCs). This is interesting because compounds can penetrate barriers not penetrable by spores, facilitating the detection of hidden moulds. The detection of these compounds was previously carried out by sampling into carbon-based or TENAX adsorbents, and analysing by gas chromatography-mass spectrometry. However this method, very sensitive and specific, requires experience and special laboratory equipment, takes time and is relatively expensive. The electronic nose technology, in difference with gas chromatography, is simpler, cheaper, and the results can be obtained in situ.
Moulds produce a wide range of MVOCs: alcohols, ketones, terpenes, esters and sulphur compounds [9] [10] [11] . The production depends on environmental conditions, the species and the substrate on which the fungi grow [12] [13] [14] [15] [16] [17] . However, no single VOC seems to be a reliable indicator of biocontamination [18] . For this reason fungal detection cannot be based on a single substance but on the coexistence of several compounds.
The authors have already addressed the detection of a single mould species, namely Aspergillus versicolor, in a previous paper [19] . In that paper a table with a detailed list of VOCs produced by moulds can be found. Here this work will be completed with more extensive measurements involving three additional mould species: Penicillium aurantiogriseum, Penicillium chrysogenum and Cladosporium sphaerospermum.
Fungal detection using electronic noses has been previously addressed. Schiffman et al. [20] studied the ability of electronic noses to detect moulds inside buildings. An array of 15 metal oxide sensors was capable of discriminating among the fungi and it was also able to recognise selected five volatile organic compounds emitted by fungi [21] studies showed that a conducting polymer sensor array was able to distinguish the volatile patterns produced by three species of moulds growing on three types of paper, permitting the early detection of fungal contamination in library materials and archives [22] predicts the potential of electronic noses for improving the possibility to detect individual fungal species as well as the degree of mycotoxin contamination of food and animal feeds [23] . Investigated the possibility of detecting fungal volatile metabolites as indicators of mycotoxins in cereal grain, using both an electronic nose and gas chromatography combined with mass spectrometry (GC-MS). Other studies [24] [25] [26] [27] showed that sensor arrays and different techniques of statistical analysis allow detecting and classifying selected fungal species growing on cereals. These techniques can be used for quality classification of grain. An e-nose used by Persaud et al. [28] could discriminate between wood infected by Serpula lacrimans and uninfected samples. And [29] compared two electronic nose systems employing conducting polymer sensor arrays for the early detection and discrimination between bacterial species, fungal spores and trace amounts of pesticides. In this paper, the capability of a metal oxide gas sensor array to detect the presence of diverse mould species growing on a variety of building materials is investigated. Section 2 presents the materials and methods used in this work. Section 3 presents the methodology for pattern analysis. Section 4 presents the obtained results and finally Section 5 draws some conclusions.
Materials and methods
An electronic nose instrument was designed and constructed at the Université de Liege. It consists of a sampling unit, a sensor array, and a signal processing system ( Figs. 1 and 2 ). The gas sensor array contains 12 metal oxide sensors in two separate chambers placed in parallel. Each sensor chamber has a volume of 210 cm 3 . The sensors were selected in order to obtain different responses for volatile compounds produced by moulds. Six of them were manufactured by Capteur; CAP01, CAP03, CAP06, CAP07, CAP23, CAP25, and six from Figaro; TGS2620, TGS2180, TGS825, TGS822, TGS2600, TGS2602.
Four different materials typical of Belgian houses were used as substrates for mould growing: plasterboard, particleboard (or chipboard), oriented strain board and wallpaper. Some combinations of them were also analysed; plasterboard with wallpaper and glue, particleboard with wallpaper and glue and oriented strain board with wallpaper and glue. The four fungal species were separately incubated on culture medium, Malt Extract Agar, for 1 week. After this period, moulds were inoculated into the building materials. Contaminated samples were incubated in airtight glass jars (500 ml) closed with a Teflon cover. Each jar contained two pieces of the same material of dimensions 5 cm x 6 cm contaminated with one fungal species and 40 ml of demineralised water in its bottom, for keeping the high degree of humidity that moulds need to grow. The samples were placed on top of small glass vials to avoid direct contact with water. The jars were kept at room temperature in the darkness during the whole duration of the experiments.
For each fungal species, two sequential experiments were carried out, resulting in two datasets comprising the growth of the moulds during 4 months. Clean and contaminated materials (corresponding to different species) were randomly presented to the gas sensor array during this time. Contaminated samples were presented in order according to the species of moulds, in this way firsts sets of A. versicolor followed by P. chrysogenum were firstly measured, and then seconds sets of both species in the same order. After that first sets of C. sphaerospermum followed by P. aurantiogriseum were presented to the electronic nose and finally seconds sets of the two species were measured in the same order. The contents of all datasets are summarized in Table 1 .
The electronic nose has the following operation; clean dry air is fed to a mass flow controller, then to a humidifier and then to a jar with samples to sweep the volatiles accumulated in the headspace. Two three-way valves commute clean air or the jar headspace to the gas sensors chambers (see Fig. 1 ). A sample cycle included a passage of clean humidified air (reference air), followed by a passage of air from the samples during 3 min (time of signal stabilisation) at 200 ml/min of constant air flow. 
Signal and data processing
The sensor signals were preprocessed by taking the ratio of the resistance at the end of the sampling period (3 min) and the baseline resistance, just before sampling when exposed to the vapour saturated carrier gas. In this way every measurement was constructed with 12 sensors signals, assembling a 12 dimensional vector. However two sensors (CAP23 and TGS2180) were removed because of deficient behavior observed by visual inspection of the sensor patterns, therefore the formed pattern vector has 10 dimensions. As already mentioned, two datasets were collected for this study for each species. First dataset was used for all the data processing algorithm development, and the second one for a posterior evaluation (including the evaluation of drift), since it was collected 4 months after the first one.
For validation of the classifier results on first dataset the following strategy has been followed. This dataset (for each mould species or all together) has been divided in two equally sized random partitions. One part has been used for classifier design and optimization while the second half is used for classifier testing. This process is repeated ten times and the average classification rate is retained. Also the standard deviation of the classification rate is estimated.
Later, the robustness of the electronic nose for mould detection was tested by including a wide variety of moulds and building materials. Classification of each specie of mould is considered, as well as the capability of a classifier to generalize to unknown mould species (not present in the training set). Finally also the classification of samples with an unknown substrate was explored.
Our primary objective was the binary classification of moulds and no-moulds disregarding the particular fungal species and the substrate material. For this purpose a Mahalanobis classifier was applied on the raw data. The obtained results are on the same order than the ones seen in the previous paper [19] . Although the same classifiers as in [19] were considered; namely k-NN, fuzzy-kNN with different initial membership functions on dimensional reduced space and on raw data (a review of Fuzzy k-NN can be found in our previous paper [19] ) we found that the application of complex classifiers on our small database did not provide any advantage; the obtained classification rates were not in general better than the ones obtained using the Mahalanobis classifier.
For this reason only the Mahalanobis results are reported in this paper.
Results
A PCA loadings plot on first two principal components (Fig. 3) , for the ensemble of all moulds, shows one group of five Figaro sensors and one Capteur sensor on the left hand side and two groups of two Capteur sensors on the right. PCA loadings plots for every specie of moulds are almost the same. Signals provided by the five Figaro sensors (series TGS) are very similar and anti-correlated to Capteur sensors signals on the first principal component (except for CAP01). CAP01 signal is interesting because it varies inversely with the rest of Capteur sensors on PC1 and with all Figaro sensors on PC2. CAP03 and CAP25 are not very significant for PC2, the rest of sensors gives information to both first two principal components. This loading plot also shows that Figaro sensors are more correlated among them than Capteur sensors, at least for this application.
Fig. 3: PCA projection, loadings plot for all moulds together. Samples from first set of all moulds. PC1 and PC2 explains 82.27% and 10.88% of variance respectively. The points corresponds to the five Figaro sensors and the plus symbol represent the Capteur sensors.
A PCA projection, a scores plot in the first and second principal components, seems to indicate that the classes (contaminated/clean) are no linearly separable, non-gaussian and multi-modal (Fig. 4) . Multi-modality clearly arises from the presence of different substrate materials. In fact, visual exploration of the results shows that the influence of the substrate is much larger than the influence of the presence of moulds. Fig. 5 shows the distribution of the four substrates on the same PCA projection than Fig. 4 . The distribution of materials seems to be more separable than the contaminated and clean classes in Fig. 4 . Wallpaper and particleboard are mixed between them but separated from oriented strain board and plasterboard. Due to the important background variability the detection of moulds becomes a difficult problem.
In Fig. 6 the distribution of species of moulds on the PCA projection is observed, the four types of moulds are completely mixed so we can think that the classifications rates of each specie will be similar. This can be seen in Table 2 , where the obtained classification rates for every type of mould are shown. All results are on the same order, with small differences. From these results we can also think that the detection of a specie of mould not present in the training set is possible.
To study the stability of the classifier a second experiment for each specie of mould was performed in the same conditions as the first one resulting in a second dataset. This experiment started 4 months after the first one and was carried out during more than 3 months. The Mahalanobis classifiers built with firsts datasets were used to classify the samples from the second datasets. Table 2 shows the obtained classification rates for every type of mould and all moulds together. These results show in every case a decrease in the classification ability that can be attributed to the sensors drift. Sensors ageing or the change in the average room temperature can be the main reasons of the small changes in the sensors responses. Fig. 7 shows a PCA projection on the model made from first dataset on two first principal components, for both datasets and for all moulds. For every type of mould the structure of the second dataset is similar to the one from first experiment, but a slight drift can be observed (Fig.  8) . In 'first set' Mahalanobis model was built with half of the first dataset and validated with the other half of first dataset, this was repeated 10 times making random subsampling. In 'second set' the model was constructed with the completed first dataset and validated with the second dataset. One point to remark is that the most important decrease appears in mould C. sphaerospermum, which is the specie that presents the highest standard deviation in the classification of its first set. This mould presents a classification rate of only 55%, which means that this classifier is unable to differentiate moulds and clean materials under drift conditions. C. sphaerospermum is especially sensible to sensors drift, therefore drift depends on data.
The classifier ability to detect an unknown specie of mould is shown in Table 3 . This table shows the obtained results for classification of firsts datasets of every mould. The detection of a type of mould not present in the training set is possible, but it depends on the specie of mould being classified. The algorithm is able to detect A. versicolor a 13% better than P. aurantiogriseum, this is not a very big difference but it is desirable, for having the best classifications results, to consider as many different species of moulds as possible in the design of the classifier. The larger influence of the substrate materials on the detection of moulds can be seen in Table 4 . This table shows the classification of samples from first sets containing building materials not present in the training set. Classification rate of wallpaper samples is 67% whereas the one for chipboard is a 19% bigger. This difference between the best and the worst classified samples is bigger in the case of detection of substrate materials than in the case of detection of different species of moulds. Therefore, to design a good classifier is more important to have a training set that contains many growing substrates than many types of moulds. Table 5 shows how the substrate materials influence the detection of moulds. A big difference between the classification rates of samples containing only wallpaper (74%) and only chipboard (89%) can be appreciated, while differences in classification rate for the various types of fungi are very small (4%). Drift also affects the classification results obtained 4 months after depending on the building material.
Although we expect that the classification rates would be improved in case of considering only one specie of mould and one type of substrate, due to the lack of samples in our small database this cannot be demonstrated.
Having only a few samples in each case causes problems with the 'course of dimensionality'. 
Conclusions
In this work an electronic nose has been able to detect four species of moulds growing on several building materials with a Mahalanobis classifier, obtaining an accuracy between 80 and 85%. The use of other more complexes classifiers gave no much better results, possibly this is due to the small size of our database.
The system is able to detect unknown species of mould with accuracy between 73% and 86%, depending on the specie of mould. It can also detect contaminated samples of unknown building materials, depending also on the type of material. The obtained minimum accuracy was 67% for wallpaper samples and the maximum was 86% for chipboard. This accuracy is worse than the one for the detection of unknown moulds because, as seen in Fig.  5 , the influence of the substrate materials is bigger than the influence of the different species of moulds.
The stability of the designed classifier was tested with an experiment made in the same conditions but 4 months later, in which a second set of data was collected. The observed drift effect on the sensors depends on the specie of mould that is being classified; A. versicolor has a classification rate of 77% while C. sphaerospermum has 55%. However the obtained result for the set made from all moulds was 81%, so, in general, the sensors drift causes a small degradation without any further recalibration of the system.
However, due to the modest values of classification rate we consider that such a system could only be used for screening purposes followed for a more detailed analysis using alternative analytical techniques.
